ABSTRACT This paper estimates the prevalence of current injection drug users (IDUs) in 96 large U.S. metropolitan statistical areas (MSAs) annually from 1992 to 2002. Multiplier/allocation methods were used to estimate the prevalence of injectors because confidentiality restrictions precluded the use of other commonly used estimation methods, such as capture-recapture. We first estimated the number of IDUs in the U.S. each year from 1992 to 2002 and then apportioned these estimates to MSAs using multiplier methods. Four different types of data indicating drug injection were used to allocate national annual totals to MSAs, creating four distinct series of estimates of the number of injectors in each MSA. Each series was smoothed over time; and the mean value of the four component estimates was taken as the best estimate of IDUs for that MSA and year (with the range of component estimates indicating the degree of uncertainty in the estimates). Annual cross-sectional correlations of the MSA-level IDU estimates with measures of unemployment, hepatitis C mortality prevalence, and poisoning mortality prevalence were used to validate our estimates. MSA-level IDU estimates correlated moderately well with validators, demonstrating adequate convergence validity. Overall, the number of IDUs per 10,000 persons aged 15-64 years varied from 30 to 348 across MSAs (mean 126.9, standard deviation 65.3, median 106.6, interquartile range 78-162) in 1992 and from 37 to 336 across MSAs (mean 110.6, standard deviation 57.7, median 96.1, interquartile range 67-134) in 2002. A multilevel model showed that overall, across the 96 MSAs, the number of injectors declined each year until 2000, after which the IDU prevalence began to increase. Despite the variation in component estimates and methodological and component data set limitations, these local IDU prevalence estimates may be used to assess: (1) predictors of change in IDU prevalence; (2) differing IDU trends between localities; (3) the adequacy of service delivery to IDUs; and (4) infectious disease dynamics among IDUs across time.
INTRODUCTION
Unsafe drug injection practices render users and at times contacts in their social, sexual, and injection networks at higher risk for contracting blood-borne infections, most notably HIV/AIDS and hepatitis B and C, but also other infectious diseases, such as hepatitis A. 1, 2, 3 These practices also may lead to other negative health outcomes, e.g., cellulitis and other bacterial infections. 4 Numerous epidemiologic studies have shown that these infections are spread through sharing contaminated drug injection equipment. 5, 6, 7 Given the stigmatized nature of illicit and injection drug use, drug injection is often hidden. 8, 9 This concealment and fear of criminal action and social recrimination make it difficult to assess the actual number of injection drug users (IDUs) in a particular geographic area and time, as users are reluctant to report illicit drug and needle use. 3, 10, 11 Although difficult, enumeration of IDUs by locality and time is important because this quantification aids in planning and assessing the need for, and scope and adequacy of local public health programs and policies for, drug users. Furthermore, evidence suggests that these IDU-related public health services and initiatives help to prevent wider infectious disease outbreaks, which could be transmitted to noninfected injectors and noninjecting populations. [12] [13] [14] Research by Scott D. Holmberg and by Samuel R. Friedman et al., has estimated the prevalence of IDUs at the metropolitan statistical area (MSA) level for 1992 * (median 76.7 per 10,000 population aged 15-64 years, range 25-231) and 1998 (median 60 per 10,000 population aged 15-64 years, range 20-173), respectively. 15, 16 MSAs are defined by the Office of Management and Budget (OMB) and have a central city with a population of 50,000 or greater. MSAs also include adjacent counties with a high level of social and economic integration with the central city. 17 Both of these studies estimated the number of IDUs in the 96 U.S. MSAs that had the largest populations in 1992. 15, 16 MSAs were an appropriate unit of analysis because social, health, and economic data are more readily available for counties, from which MSA-level data can be derived, and because the social and economic integration, which characterizes MSAs, also corresponds with drug injection patterns. 16, 18 For example, many injection drug users live in the suburbs, but buy drugs in the city. 16, 19 Longitudinal estimates of IDU prevalence in MSAs are useful for both methodological and public health reasons. Methodologically speaking, longitudinal estimates are advantageous because repeated measures control for time-invariant characteristics within an MSA allow the study of change over time within MSAs, and the evaluation of differences between MSAs at anytime during the study period. 20 In terms of public health, longitudinal quantification of IDU populations will allow future study of the patterns of change of IDU prevalence in relation to social, economic, and political predictors in metropolitan areas over the course of our study period. In addition, longitudinal IDU prevalence estimates can help researchers to forecast which MSAs may be at greater risk for experiencing outbreaks of drug injecting and infections associated with drug injection.
METHODS

Overview
Our analysis aims to estimate the number of injection drug users (those injecting in the prior year) in 96 large MSAs (those MSAs with populations larger than 500,000) for each year from 1992 to 2002. The June 30, 1993 OMB MSA definitions, which were based on the application of 1990 metropolitan area standards to 1990 census data, were used in these analyses, except in New England, where we instead used New England County Metropolitan Areas (NECMA) definitions. 21, 22 MSA-level estimates were computed by estimating national estimates of IDUs for each year, and allocating these to each MSA using methods detailed below. Multiplier methods and multiple data series have been widely used to estimate the number of problem drug users in the United Kingdom and elsewhere. 23 National estimates were calculated using those from Holmberg 15 and Friedman: 16 two indicators of IDUs' use of health services (HIV testing and drug treatment), and an estimate of IDUs' encounters with law enforcement, derived from cocaine and heroin possession arrests. National estimates were attributed to MSAs using four data series based on different indicators of health service utilization and past estimates of IDU prevalence. These four data series were apportioned to the MSA by multiplier methods, and the resulting estimates were smoothed and then averaged to create an IDU estimate for each MSA and year. Potential biases introduced by these data series are discussed in the limitations section of the discussion. These MSA estimates were validated using yearly cross-sectional correlations with variables theoretically related to drug injection.
As in Friedman's 2004 paper, we hypothesized that apportioning the national number of IDUs to the MSA using different data sources would help balance biases, as each data source has strengths and weaknesses. Each data source was chosen to help offset potential limitations of the others. For example, drug treatment data are subject to a service bias, so increases in treatment funding for IDUs, which increase the number of treatment slots available to IDUs, could make it appear as if the number of IDUs was increasing. By combining our series measures, some of which are either not subject to service bias or inversely related to services, we mitigate the effect of this service bias.
The steps used to create the longitudinal IDU prevalence estimates from 1992 to 2002 are described below and are outlined in Figure 1 .
Step 1: Estimating the Number of IDUs in the United States Annually from 1992 to 2002 Overview. We employed three different data series (detailed below) to estimate the number of IDUs nationwide. Our first step was to create an index for each data series by dividing the number of IDUs in the U.S. for that year and the data series by the average number of IDUs over the study period for that series. For each year, index values were averaged across data sources to create an overall index for each year. The first set of national IDU estimates was the ratio of the overall index in a given year to that in 1992 multiplied by Holmberg's 1992 estimate of the number of IDUs. The second set of estimates was the ratio of the overall index in a given year to that in 1998, multiplied by Friedman's 1998 estimates. The final set of national estimates was created by averaging the first and second set of approximations (see Figure 2 ).
Component Data Series for Estimating the Number of IDUs in the U.S.
Treatment Episode Data Sets. The first data series uses the Substance Abuse and Mental Health Service Administration's (SAMHSA) Treatment Episode Data Sets (TEDS) to determine the number of injectors entering treatment nationwide each year of the study period. 24 These data sets identify the number and attributes of clients entering public or private substance abuse treatment programs that receive any state or federal funding, * or facilities licensed by states to provide substance abuse treatment. 24 The 33% of admissions known, but not reported to TEDS, may not be admissions at private facilities; and these admissions may not be injection admissions. As injectors are more likely to be poor and uninsured, it is likely that injectors may disproportionately utilize public treatment facilities. 25 We calculated the national annual number of treatment episodes where admission documentation indicated that any substance was injected intravenously or intramuscularly.
HIV Counseling and Testing Services (CTS) Data. The second data series was obtained from the counseling and testing system of the Centers for Disease Control and Prevention (CDC). This system monitors the utilization of counseling and testing services (CTS) in CDC-supported sites. 26 Specifically, we calculated the number of • • • National number of possession arrests for cocaine or heroin for each year (FBI) multiplied by the proportion of cocaine and heroin users entering treatment that inject in that year (TEDS).
Index:
Create an annual index for each data series and average the indices across data sources.
National IDU estimates:
Anchor 27 Notably, these data include arrests of noninjecting users and of IDUs. To capture the number of IDUs arrested each year in this component series, we multiplied the national hard-core drug arrests by the percent of heroin or cocaine treatment admissions who indicated injection as a mode of drug administration. This percentage was calculated yearly using the TEDS data.
Combining Component Data Series Using Index Numbers
For each of these three time series, we created an index number, which serves as a way to compare values of a variable over time, by relating each value in a time series to a reference or standard value. 28 The reference value for each component series is the average value for the 11 years of our study period. The index number was created by dividing the observed value for each year and series by the average for that series and multiplying this number by 100. The indices for the three series were then averaged for each year to create an overall index; this creates an index that is less sensitive to year-to-year fluctuation from individual data sources. 15, 29 Then, to calculate national IDU estimates for each year of our study period, this national 1992 IDU estimate was multiplied by the ratio of the overall index for that year to the overall index in 1992.
The second set of national IDU estimates were based on the 1998 U.S. estimate (1,364,874) calculated by Friedman et al., 2004 . 16 For each year, this national estimate was multiplied by the ratio of the overall index for that year to the overall index in 1998.
Finally, we calculated our "best estimate" of the number of IDUs in the U.S. for each year by averaging the first and second sets of estimates described above. These national estimates were used to allocate IDUs to each MSA. 30 These estimates appear in Figure 2 .
Step 2: Calculating IDU Prevalence in Each MSA Over Time Overview. To estimate the prevalence of IDUs in each MSA, we calculated the number of IDUs in each MSA and year from each of four data series to give: (1) number of IDUs in drug abuse treatment; (2) those receiving HIV CTS at publicly funded sites; (3) an interpolation and extrapolation based on Holmberg's 1992 estimates and Friedman's 1998 IDU estimates; and (4) those diagnosed with AIDS as adjusted for HIV prevalence. We will refer to these data series henceforth, as the "component series"; the number of IDUs from a given component series, MSA and year as "component series counts"; and MSA-level estimates derived from a given component series count and the national estimates as its "component estimate." The process by which national estimates were allocated using each of the first three component series to create a component estimate for each MSA and year is described below. A discussion of the data sources used in previous studies, but not used in this paper, and other sources considered, may be found in Appendix A.
As in Friedman et. al. (2004) , we used multiplier techniques to allocate our national estimates of IDUs to each MSA. 16 We used "Formula 1," listed below, to apportion the national IDU estimate for each year to each MSA. . ; I USt -Estimated number of injectors for the entire U.S. in year t; *Component count refers to the number of IDUs ascertained for a data source in each MSA and year. The population aged 15-64 years was used because this age group is the population at risk.
. The component series count based on Holmberg and Friedman data is per capita, not per 10,000. A linear trend for interpolation and extrapolation would allow the number of IDUs to be less than 0. IDU per capita values fall between 0 and 1 and were log transformed. Formula 1 was applied to the log of the per capita component series count. The final component estimates for this series were exponentiated and are shown per 10,000 and are on the same scale as our other component estimates. SAMSHA's Uniform Facility Data Set (UFDS) and TEDS Data. We used two data sources to create the component count from drug treatment data. First, to measure drug users in treatment, we used SAMSHA's annual census of drug treatment centers initially called Uniform Facility Data Set (UFDS), since renamed the National Survey of Substance Abuse Treatment Services (N-SSATS). These data sets aim to measure client characteristics and use of privately and publicly funded substance abuse treatment programs in the U.S. on an average day. 24, [31] [32] [33] Second, to measure the proportion of drug users who inject, we used TEDS data, which capture initial entrance into substance abuse treatment at sites receiving state or federal funds.
Using either the TEDS data or UFDS/N-SSATS data alone has particular limitations. For example, the TEDS data counts the number of treatment entries per year and many people have more than one. In addition, large fluctuations in year-to-year admissions, which were partially caused by shifts in funding levels, raised questions about the extent to which these counts were measuring the construct of interest. In the UFDS/N-SSATS data, however, information on injection drug use status was not collected after 1998. We, therefore, obtained the proportion of drug users who inject drugs in each MSA and year from TEDS and multiplied it by the total number of drug users in treatment documented in the UFDS/N-SSATS data. However, UFDS/N-SSATS data were unavailable for 1992, 1994, 1999, and 2001. As a result of this limited availability, the drug treatment component series estimates were only created for years where data were available and thus, our final IDU estimates only include treatment data for 1993, 1995, 1996-1998, 2000, and 2002 . 24, 31, 33 Thus, using Formula 1, for each year, our national IDU estimates were allocated by taking the number of drug users (UFDS/N-SSATS) multiplied by the proportion of drug users entering treatment who injected in that MSA (TEDS) and multiplying this number by the ratio of our "best estimate" of the national number of IDUs to the number of drug users in treatment in the U.S. (UFDS/N-SSATS).
Component 2: HIV testing series
CDC's HIV CTS data We used Formula 1 to allocate the number of people tested for HIV who identified injection drug use as a risk factor in the CDC's HIV CTS data. * IDUs tested included IDUs cross-classified as men who have sex with men * In the Sarasota FL, Scranton PA, Seattle WA and Springfield MA MSAs CTS data were acquired from state health departments rather than the CDC. These data were requested when a separate analysis found substantial missing data for IDUs testing HIV positive. State-level data were used when they were judged to have more complete reporting.
(MSM). Therefore, for each year we allocated our national IDU estimate by taking the number IDUs tested for HIV per population aged 15-64 years in the MSA times 10,000 and multiplying this number by the ratio of our "best estimate" of the national number of IDUs to the number of IDUs tested in the U.S. 26, [34] [35] [36] 16 IDU estimates per population aged 15-64 years. As our time series estimates of IDUs are partially derived from these past studies, their methods are briefly described in the footnotes below. * ,., 15 In the present analyses, we interpolated yearly MSA-specific IDU estimates based on Holmberg's 1992 and Friedman's 1998 estimates. We then extrapolated the number of IDUs in each year from 1999 to 2002 by using the yearly change in IDUs between 1992 and 1998. To compute this interpolation and extrapolation, we first updated Friedman and Holmberg's per capita estimates with revised population data.
-Friedman's estimate was also adjusted by an inflation factor, which takes into account the current best estimate of the national number of IDUs. This process is described in more detail below.
First, the inflation factor for Friedman's 1998 estimates was the ratio of our current estimate of the number of IDUs in the country in 1998 divided by Friedman's 1998 national estimate of the number of IDUs (1,575,494/1,364,874). 16 The estimate of the number of IDUs in each MSA in 1998 was multiplied by this inflation factor and then divided by updated estimates of the population aged 15-64 years for each MSA in 1998. Holmberg's estimates were also divided by updated estimates of the population aged 15-64 years for each MSA in 1992, but were not inflated based on the updated national estimates because Holmberg's MSA-level IDU estimates were not created by allocating national IDU estimates to each MSA.
As the proportion of IDUs in the population aged 15-64 years must fall between 0 and 1, we used the logs of Holmberg's per capita 1992 estimates and log of Friedman's inflated per capita 1998 estimate to create the interpolated and extrapolated estimates for 1992-2002. Interpolating and extrapolating on the log scale is desirable because *Holmberg estimated the prevalence of injecting in 1992 for each of the 96 largest MSAs using a components model, which divides the population into risk groups and then calculates risk group size and seroprevalence. 80 MSA-level data from a literature review of estimates created by researchers at federal, state, and local agencies, universities, and drug treatment programs were used to estimate IDU risk group size. Estimates that fell outside the prespecified range of plausible values were omitted. Final estimates for MSAs were calculated by averaging data series estimates.
15
-The U.S. Census Bureau revised the estimate of population size for 1992 and 1998 based on Census 2000 data, which were not available when the previous papers were submitted for publication.
. Friedman and colleagues estimated the number of current IDUs in the U.S. in 1998 based on Holmberg's IDU estimates for 1992 and the National Household Survey on Drug Abuse (NHSDA). Then, for each of the 96 largest MSAs, IDU estimates that reflected service coverage were created based on drug treatment data, CTS data, AIDS case data adjusted for HIV prevalence, and Holmberg's IDU estimates. These four component estimates were calculated based on multiplier methods and then averaged to create the final estimate for each MSA in 1998. 16 after exponentiation IDU per capita estimates cannot be negative. After the per capita estimates were transformed, the 1998 number was subtracted from the 1992 number and then divided by 6, the difference between 1998 and 1992. The resulting number is the change in the log of the number of IDUs. This difference in logs was used for both interpolation and extrapolation and is equivalent to measuring the annual percent change between Holmberg and Friedman's IDU estimates. The logs for each year were then exponentiated and multiplied by 10,000 to give an estimate of the number of IDUs per 10,000 for each MSA and year.
Component 4: AIDS rates as Adjusted for HIV Prevalence
CDC's Diagnoses of IDUs with HIV/AIDS. Finally, estimates of the number of IDUs for each MSA and year in our study period were created using data on the yearly number of incident AIDS case diagnoses with transmission categories noted as injection drug use or both male-to-male sexual contact and injection drug use. The CDC routinely adjusts case surveillance data on the number of AIDS diagnoses to account for the distribution of cases by transmission category for missing risk factor information. The CDC's redistribution of cases with no identified risk factor to adjust for miscategorization may vary, considering that there is an increasing percentage of AIDS case data with unreported risk factor information over time. 37 These AIDS case data were also adjusted for reporting delays, which may vary by state. 38 AIDS case data were reported to the CDC using the uniform case definition and case surveillance report form, and all cases met the 1999 surveillance case definition.
These data were further adjusted for HIV prevalence in Formula 2a. Adapted from Friedman et al., Formula 2a (see below) assumes that each MSA's share of the total number of injection-related AIDS cases diagnosed nationwide in year t equals that MSA's share of the total number of injection-related HIV cases nationwide * in year t. 15, 16 The proportion of injection-related HIV cases in the MSA (by definition) equals the seroprevalence of injection-related HIV in an MSA in 1992 multiplied by the number of IDUs in that MSA in a given year divided by the product of the seroprevalence of injection-related HIV in the US in 1992 with the IDUs in the U.S. in that year. This equation is then algebraically solved to find number of IDUs in an MSA in a given year (Formulas 2b and 2c). The assumptions inherent in Formula 2a warrant further discussion. In Formula 2a, it is assumed that the ratio of the number of AIDS cases diagnosed in an MSA and year to those in the U.S. in that year is equivalent to the ratio of HIV cases in an MSA and to those in the U.S. in 1992. (See Friedman et. al. 2004 and section on "Data Source Biases" below for a justification of this assumption.) Although HIV cases take time to develop into AIDS cases, Holmberg's national and MSA-level HIV prevalence estimates for IDUs in 1992 were used in the calculation of component estimates from Formula 2a, regardless of the study period year. 15 Using HIV prevalence data from 1992 allows for HIV cases to develop into AIDS cases. Ideally, we would use different HIV prevalence estimates for each year. For example, to estimate IDUs in 1992 we would use an HIV prevalence estimate from a time period before 1992, to allow time for HIV cases to progress into AIDS cases. However, 1992 was the earliest year for which we had access to HIV prevalence estimates for IDUs by MSA. * Using national and MSA estimates of HIV seroprevalence among IDUs in 1992 assumes that the national and MSA-level HIV prevalence among IDUs did not change throughout our study period. The limitations of assumptions inherent in Formula 2a are further addressed in the "Discussion" section.
Data Source Biases. These data sources were chosen so that biases of the different data sets would, in theory, cancel each other out. For instance, the CTS data and the TEDS data are reflective of health service provision: if health service funding for a service declines, so will the number of IDUs noted for that data set. However, the arrest data are not a function of health services. Cuts to health service funding will not affect arrest data, although arrest data are affected by changes in enforcement decisions. Similarly, a high component estimate based on IDUs being diagnosed with AIDS, in conjunction with low service-based component estimates, may reflect inadequate services for IDUs. A high component estimate resulting (after adjusting for the proportion of AIDS cases in an MSA is equal to the proportion of HIV cases there) from the AIDS case data in a given area may indicate IDUs having poor access to highly active antiretroviral treatment (HAART). It is important that our component estimates not all be subject to the same biases, so that when they are averaged, even if one component estimate declines because of funding cuts, another component estimate will be unaffected by this bias and will reflect what is truly occurring in the underlying IDU population.
* HIV prevalence estimates for IDUs at the MSA-level for use in Formula 2a could have been created using the CTS data. However, we chose not to because we only had data for 1992-2002, and lack of prevalence estimates before 1992 would not have allowed for any lag time between HIV infection and the development of AIDS. Alternatively, we could have used the HIV prevalence estimates for 1998 put forth by Friedman and colleagues, but we decided that a longer lag time would allow more AIDS cases to develop and would more accurately describe the relationship between HIV and AIDS. 16 In the absence of a better HIV seroprevalence proxy, we used Holmberg's 1992 HIV seroprevalence estimates for IDUs. 15 Plausible Bounds, Outliers, Imputing Missing Values. After creating each series of component estimates, we applied bounds to their values, to remove data values that were implausible. Component estimates were bounded between 13 and 660 per 10,000 population aged 15-64 years. These lower and upper bounds were set by taking 1/2 of the minimum and twice the maximum number of IDUs per 10,000 population aged 15-64 years from any MSA estimate from Holmberg's 1992 and Friedman's 1998 IDU estimates for MSAs. Values falling outside these bounds were set to missing and imputed (see below). The CTS, AIDS, and UFDS/N-SSATS component series had only minimal data that fell outside the plausible bounds; and no values from component estimate 3 (that interpolated and extrapolated from estimates for 1992 and 1998) fell outside the plausible range.
As it is very unlikely that any MSA would have a large increase in IDUs per capita in 1 year followed by an immediate decline the subsequent year, we explored removing such "outliers." * Only small differences were observed between data sets where outlier values were removed and imputed and those where outliers were not removed. Therefore, we decided not to remove outlier values from our final data set. Data points that were set to missing because data values fell outside plausible boundaries or missing in the raw data files were imputed. Single linear regression imputation was used to estimate the predicted value of these observations. For each component series, missing values were predicted by the other component series.
(Years without UFDS data had one fewer component estimate). The missing values were replaced with these imputed predicted values for the MSA based on regression models of MSAs with nonmissing data.
Smoothing. The values of each of the component estimates for each MSA across time were smoothed using loess regression, which fits curves to noisy data and smoothes data in a manner similar to computing a weighted moving average on time series data. 40 Averaging to Create Final Estimates. The predicted values of the component estimates resulting from the loess regressions for each MSA and year were averaged to create our final estimates . (see Table 1 and online Appendix). SAS chose the smoothing coefficient, between .4 and 1 by intervals of .1, for each MSA based on the smallest AICC1 criterion (see Figure 1 for a flowchart of our study methods). 41, 42 * Data values were determined to be outliers if they differed from the previous and subsequent year by a factor of 2 or more. Component estimate values for initial and terminal years were considered outliers when the following conditions were true: for initial year values when the value in the subsequent year differed by a factor of 3 and for terminal year values when the preceding year value differed by a factor of 3 or more. Data points that met these criteria were set to missing. Final estimates were examined with and without removing outliers. (When outliers were removed, values set to missing were replaced with imputed values, which were computed using single regression imputation.)
. The data were smoothed and then averaged, rather than averaged and then smoothed, because the former method is more intuitive. When we smooth each component estimate, we know what we are smoothing, as opposed to the average of the estimates, where it is not clear what noise is being smoothed. Also, in future analyses, we may wish to omit a component estimate from our final estimate and smoothing and then averaging allows this to be done more easily. Further, we compared estimates prepared using both the former and the latter methods and there was not much difference. 
Validity
To test the internal validity of our estimates, i.e., the extent to which our component estimates seem to be capturing the same underlying construct, we examined the correlation between each of our component estimates for each year. These correlations describe the extent to which our component estimates produce similar results. (Component estimates may not always produce similar estimates because each data source was selected to identify a different portion of the underlying IDU population. Therefore, we expect correlations to be less than 1.0.) In addition, to test the convergent validity (the extent to which our results are related to factors that theoretically reflect the actual population of IDUs in each MSA) 43 we examined correlations between our IDU estimates and theoretically related constructs, such as unemployment, hepatitis C deaths, and poisoning deaths. Concordance between these constructs and our estimates lends credence to the validity of our estimates. 43 
Analysis
Longitudinal hierarchical linear models (HLM), which allow the study of how MSAs change over time and how changes differ across MSAs and take into account the correlation between years, were used to describe the average trend of the number of IDUs per 10,000 adults for our study period. 44 With these models, questions regarding within-MSA and between-MSA change in the number of IDU per 10,000 may be addressed. 44 To create these models, we explored several possible covariance structures, specifically, first-order autoregressive (AR1), toeplitz, and heterogeneous first-order autoregressive. 44 In addition, we examined modeling both linear and quadratic expressions of time, operationalized as the number of years since 1992. The optimal model to describe the number of IDUs per 10,000 persons aged 15-64 years used an AR1 covariance structure, as well as linear and quadratic terms for time. Data were processed and analyzed using the SAS system version 9.1. Considering both the impact of linear (−2.27, p=0.004) and quadratic (0.13, p= 0.02) specification for time (study year) in our multilevel model, we see that at the beginning of the time series mean injecting prevalence declined by 2.27 injectors per 10,000 people aged 15-64 years, but by the end of the year 1 (1993) the mean injecting prevalence only declined 2.14 injectors per 10,000 people aged 15-64 years. Thus, the overall decline in injecting prevalence was not constant for each year in our study period. The rate of decline decreased for each subsequent year in the study period until the inflection point was reached and then an increase in the prevalence of injectors was seen (See Figure 3) . Consequently, the average IDU prevalence trajectory has a convex shape, although this curvature is not extreme because of the location of the inflection point and the magnitude of the quadratic estimate of time. 44 Using standard techniques for quadratic equations, we find that the average prevalence of injecting reached its minimum (114 per 10,000 people aged 15-64 years) in year 9 (2000) , and thereupon began to increase. 44 In addition, MSAs that had higher prevalence in 1992 tended to have faster rates of decline (covariance = −126.8). MSAs where the prevalence declined more quickly also had rates of decline that slowed more quickly (covariance=−2.94). 45 There is considerable variation from the average trend in the number of injectors per 10,000 population aged Figure 3 . This figure shows that the predicted trends in IDU prevalence within these MSAs fit the observed IDU prevalence curves relatively well. This figure also shows that the IDU prevalence trend within MSAs vary from the trajectory of the overall average IDU prevalence across the 96 MSAs. Figure 4 shows the correlations across MSAs of component estimates by year. In general, the intercorrelations were reasonably high and stable over time, which is expected because the component estimates aim to measure the same underlying construct. Moderately strong intercorrelations between component estimates over time are found with one exception: correlations between the MSA-level component estimates based on diagnosed AIDS cases and CTS data decreased over time. These results suggest that either the overall formula that relates HIV cases to AIDS cases, Formula 2, may become weaker over time, or that changes in service-provision factors over time may have weakened the value of CTS data as a marker for the number of IDUs. We examined the yearly correlations of the unemployment rate, hepatitis C deaths (1999-2002 only) , and poisoning deaths caused by drugs, medicinal substances, and biologicals (ICD-9 codes E850-E858, which include accidental drug overdose, wrong drug given or taken in error, and drug taken inadvertently) with our final IDU estimates for each year in our study period. These results are shown in Table 2 . These results show moderate to high correlations over time, but that somewhat decreased in the later years of our study period for the poisoning mortality prevalence and unemployment validators. With the change to ICD-10 codes, hepatitis C deaths could be identified for the first time, and correlations with our IDU prevalence estimates were high. We also examined IDU prevalence (5-year lagged) with mortality from hepatitis C, i.e., IDU prevalence in 1994 was correlated with hepatitis C deaths in 1999 (r=.54) (not shown). Correlations of IDU prevalence with hepatitis C deaths in subsequent years ranged from .51 to .58.
41
RESULTS
Temporal Trends
Validity
Finally, correlations of the estimate of the prevalence of IDUs with theoretically related indicators, such as percent living in poverty in 1990 and 2000 and income inequality (ratio of income of households in the upper 10% to the income of the bottom 10%) were similar to those previously presented by Friedman and colleagues. 16 Correlations between percent in poverty in 1990 and our IDU estimates per 10,000 population in 1992, the year closest to 1990; between poverty in 2000 and our IDU estimates per 10,000 population in 2000; and finally between income inequality 1990 and 2000 and our 1992 and 2000 IDU estimates were .334, .320, .263 and .198, respectively (each is significant at the .05 level). This suggests (for the given years at least) that our estimates were similarly accurate to the estimates presented in Friedman and colleagues' paper. The magnitudes of the above correlations with our IDU estimates are expected to be lower than the magnitude of the correlations of our estimates with hepatitis C mortality prevalence because economic variables have a more complicated relationship with IDU prevalence.
DISCUSSION Findings
Our national estimates of IDU prevalence suggest that IDU prevalence nationwide was relatively stable from 1992 to 2002. However, the results of the multilevel model show a decreasing average trend across the 96 MSAs, until 2000, after which there was a slight increase.
The finding that most MSAs experienced a decline in IDU prevalence merits discussion. The introduction of HAART had a considerable impact on the number of AIDS deaths. Pre-HAART, some declines in IDUs seen in MSAs may be the result of injection-related AIDS mortality. Injection-related AIDS mortality continues to a lesser extent, because of complex medication regimens and reluctance of providers to treat IDUs because of expectation of noncompliance and inexperience treating IDUs. 37 Another explanation for the downward trend in IDU prevalence in metropolitan areas is that drug users have been employing alternative modes of drug administration. There are numerous reasons to choose modes of administration other than injection, including fear of HIV or hepatitis C. Researchers have suggested that because of increasing heroin purity, heroin users are delaying or not transitioning to drug injection because the high purity provides an efficient dose that is difficult to achieve through noninjection with more highly adulterated substances. 4, 46, 47 Also, the rising use of methamphetamine and prescription drugs, which are often administered by means other than injection, may mark a shift away from injection drug use. 48, 49 It is also possible that increasing mortality caused by overdoses may have contributed to the decline of IDUs in MSAs. 50 Future research using HLM methods should investigate whether other possible causes, such as changes in socioeconomic conditions, are associated with changes in IDU prevalence.
Although there was a decline in IDU prevalence overall IDU prevalence trends in individual MSAs deviate considerably from this average trend. Whereas both our predicted and final IDU prevalence estimates are not graphically represented for each MSA, Figure 3 gives an idea of how the predicted and observed estimates for individual MSAs differ from the predicted IDU prevalence across MSAs and how the predicted IDU prevalence for individual MSAs differs from the observed. Table 1 shows a general decrease over time in IDUs per 10,000 aged 15-64 years, but a few MSAs, most notably Baltimore, showed increases. In addition, MSAs with a sharp decrease in IDUs over time are noteworthy, specifically Austin, El Paso, Houston, Jersey City, San Antonio, and San Jose. Feedback from experts with knowledge of IDU trends in these localities was elicited and trends were reasoned to be plausible.
Validation
The results of our first validation test showed a relatively high correlation between each series of MSA-level component estimates across years, suggesting that the component estimates measure the same underlying construct and that our data series support each other (Figure 4 ). However, we also found a declining correlation between the counseling and testing and AIDS-based component estimates, which may suggest that the performance of the formula (Formula 2a) that relates HIV prevalence to AIDS cases deteriorates over time, or that our estimates are affected by service bias to a greater extent over time. Alternatively, the declining correlation between the AIDS case formula and the testing data could be caused by the fact that in Formula 2a we divide by Holmberg's HIV seroprevalence for 1992, and as time since 1992 increases, there is more opportunity for HIV seroprevalence to change and we expect the correlation between the HIV seroprevalence in 1992 and the current year to decrease.
Finally, we considered the performance of our construct validity tests. Further, the results in Table 2 show a relatively high correlation between our IDU estimates and unemployment, hepatitis C deaths and deaths caused by poisoning. The correlations of unemployment and poisoning deaths with our final estimates decrease somewhat in later years. These decreasing correlations over time may imply that our estimates of IDU prevalence are less accurate in later years, or that there is dispersion in these theoretically related constructs over time. A plot of MSA-level poisoning deaths caused by drugs, medicinal substances, and biologicals over time showed such a pattern of increasing dispersion (plot not shown), signifying that a change occurred in poisoning deaths or the ascertainment of these deaths over time. The correlations between IDU prevalence and poisoning deaths may be affected by the switch from ICD-9 to ICD-10 codes in 1999 and this dispersion across MSAs may be the result of ICD-10 codes being more flexible than ICD-9 codes and physicians changing their coding practices as they gained more experience with ICD-10 coding. In addition, there is a lag between unemployment and IDU prevalence; that is, unemployment 2 years ago may relate to IDU prevalence today. The correlations with lagged unemployment were more consistent over time.
The results of our estimate validation using cross-sectional correlations of our IDU estimates with theoretically related variables over time are promising and give weight to the credibility of our estimates. Nevertheless, these estimates are not without bias and we strongly advise that researchers and policy makers consider our MSA-specific IDU prevalence estimates in conjunction with other MSA-specific research and data on IDUs. Moreover, several important limitations, including methodological and data availability, should be kept in mind when considering the validity of these estimates.
Limitations
Methodology. Our findings must be considered in light of their limitations. First, there is no gold standard by which we can measure the performance of the methods used to produce our IDU estimates: there is a dearth of high-quality data on the number of IDUs across localities and time, in part because this population is hidden and marginalized. In addition to our limited ability to evaluate the accuracy of our estimates, there are also concerns about the multiplier methods used to produce them, although multiplier methods are a commonly used method, with a rich history in drug use research. 21, [51] [52] [53] Other methods, such as capture-recapture, exist for measuring hidden populations, but privacy restrictions in the U.S. prohibit the release of personal identifiers on national publicly available data sources, precluding us from using capture-recapture methods to estimate IDU prevalence. [53] [54] [55] In addition, the use of capture-recapture methods was impractical as obtaining permission to procure data on IDUs would be unfeasible, given the vast number of state and municipal jurisdictions that the 96 MSAs studied cover. 54 Further, the relative rarity of IDUs and their propensity to hide injection behaviors make household surveys ill-suited for the study of IDU prevalence. 51, 56 Many researchers advocate the use of multiplier methods in conjunction with other estimation techniques because the use of multiple estimation techniques will improve the level of certainty in the estimates. 51 In the absence of alternative methods to estimate IDUs over many geographic areas in the U.S. 52 , our estimates are valuable approximations, which speak to the definitive need for improved methods to measure hidden populations.
Data Series. The validity of our nationwide and MSA-level estimates of IDUs for 1992-2002 is affected in part by the limitations of each of our component data sources. Limitations of each time series data source, which may introduce systematic bias to our estimates, are discussed below.
Yearly fluctuations were observed in many data series. Fluctuations at the national level in the counseling and testing, FBI, and TEDS data were adjusted using indices. MSA-level fluctuations in the counseling and testing and UFDS/N-SSATS data were somewhat mitigated by loess smoothing of trends.
UFDS/N-SSATS data sets were not available for 1992, 1994, 1999, and 2001 . A sensitivity analysis imputing the UFDS/N-SSATS data for these missing years showed that the yearly means of the overall MSA-level IDU prevalence estimates did not appreciably change. * Two potential limitations arose with the arrest data. First, partial reporting of arrests was adjusted by ICPSR to help mitigate the underreporting with the assumption that the number of arrests for a 3-month period will be representative of yearly arrests, and that arrests do not fluctuate seasonally by reporting agency.
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Additional adjustments were made to account for changes in imputation procedures by the data provider and large fluctuations in hard-core drug arrests within states between years.
The second limitation of the arrest data is that we cannot discern if those arrested for heroin or cocaine possession were injectors. We assumed that the proportion of IDUs arrested for using hard-core drugs is similar to the proportion of IDUs using hard-core drugs that were entering treatment centers. A literature search did not find any comparison of the characteristics of heroin and cocaine users in the treatment and arrest populations. Past studies have shown a higher IDU prevalence in the general population for black adults than for white adults, 57 which could mean that there is a higher proportion of IDUs arrested than entering treatment. Theoretically, it may be that a higher percentage of the population of hard-core drug users arrested for possession is black than the treatment population. 58 However, considering the overwhelming and disproportionately high drug offense incarceration rates for black adults, 59 it may be that black IDUs are disproportionately represented in arrest data compared to treatment data. Conversely, black hardcore drug users may be more likely to be (non-injecting) crack users, 60 challenging the hypothesis that those arrested for hard-core drug possession are more likely to be IDUs.
Another possible difference between hard-core drug users in treatment and those arrested is that the population arrested may be disproportionately poorer than the drug treatment population. It may be argued that poor drug users are more likely to inject drugs because it is a more cost-effective route of drug administration. 61 This would mean that the proportion of heroin-and cocaine-using IDUs in treatment would underestimate the proportion of IDUs arrested for heroin and cocaine possession. This underestimation actually may be counterbalanced by the fact that those entering drug treatment struggle with drug addiction and those addicted have been found more likely to be drug injectors, [62] [63] [64] which would point to a greater proportion of hard-drug users who inject in treatment than arrested. Lastly, it is conceivable that the proportion of IDUs in private treatment varies across MSAs, which could bias our estimates across MSAs, such that an MSA with high proportion of IDUs in privately funded drug treatment programs would underestimate the number of IDUs.
The counseling and testing data series has several limitations. First, data only exist where there are publicly funded HIV counseling and testing sites. Thus, HIV testing of IDUs occurring at a health maintenance organization or at a blood donation center is not accounted for in these data and may lead to an underestimation of the number of IDUs. Second, reluctance to identify and report illicit and otherwise stigmatized behaviors may lead to misclassification and underreporting of IDUs in the counseling and testing data. Finally, the counseling and testing data classify injectors as anyone injecting since 1978, although definitions used to classify injectors may vary by health department, e.g., Massachusetts classifies injectors as those who have injected drugs in the last 3 years or since their last HIV test. 35 This means we may not be capturing recent injectors in this IDU prevalence measure and that comparability across health department jurisdictions may be limited.
The component estimate derived from Formula 2a, based on the AIDS case data, contains spatial and temporal assumptions that merit consideration. First, this formula assumes that IDUs in all MSAs have equal access to HAART, which would mean time as HIV infection was similar across MSAs. In MSAs with good access to HAART, the time to AIDS would be greater, and after 1998 our AIDS case-based component estimate would underestimate IDU prevalence. Conversely, as the AIDS case-based component estimate is intended to counterbalance possible service biases in the drug treatment and HIV counseling and testing component estimates, differential access to HAART and other antiretroviral therapy and changes in the availability of these treatments over time may not be problematic. The rationale is as follows: we expect to capture IDUs who are receiving services, e.g., drug treatment and HIV testing component estimates. However, those receiving services are more likely to be receiving antiretroviral care. 65 IDUs not receiving services are less likely to be receiving treatment for HIV and, therefore, more likely to develop AIDS. Thus, the AIDS case-based component counterbalances the service biases inherent in the drug treatment and counseling and testing component estimates.
Second, Formula 2a assumes HAART use did not change across our study period. Since HAART was first introduced in 1996 and later became the standard of care, access to HAART clearly changed over our study period. 65, 66 As HAART became more widely used, we would expect the time between HIV infection and AIDS to increase. Fewer HIV cases progressed to AIDS, which attenuated the relationship between HIV and AIDS. Mathematically, after HAART, AIDS case data became sparser and the results of Formula 2a became more varied and erratic because of smaller cell sizes. Greater variation in the AIDS case-based component estimate would explain why the correlations between AIDS case-based and counseling testing component estimates declined over time.
In contrast, although we expect time for AIDS to increase post-HAART, this does not mean that IDUs are necessarily benefiting from this increase. HIV surveillance data indicate that from 1994 to 1999, across 25 states, 43% of those who were diagnosed with HIV infection were diagnosed with AIDS within a year of their HIV diagnoses. 67 These data also show that IDUs and MSM-IDUs are at greater risk for late diagnosis. 67 More recently, a CDC survey conducted in 16 states from 2000 to 2003 found approximately half of those with AIDS had first tested positive for HIV within a year of being diagnosed with AIDS. Whereas this survey did not find IDUs and MSM-IDUs to be at greater risk for late reporting, others studies have. 68 Third, MSA-level HIV prevalence among IDUs was only available for 1992 and 1998. The unavailability of annual MSA-level HIV prevalence data among IDUs may have affected the precision of our IDU estimates. The use of HIV prevalence data from 1992 may help explain declining correlations between the AIDS casebased and counseling and testing component estimates.
Finally, it is necessary to consider the component series based on the interpolation and extrapolation of Holmberg and Friedman's estimates. This estimation assumes a linear change on the log scale for each MSA. The number of IDUs changed may not have changed linearly (on the log scale) over time in each MSA. Further, these estimates are subject to all the limitations, biases, and weaknesses that Holmberg and Friedman highlighted in their papers. These include the underreporting of injection, wide inclusion criteria ranges in the former and imperfect estimators, which may be subject to service bias in the latter study. 15 
CONCLUSION
Estimates of IDUs are essential for evidence-based policy-making. However, there are many challenges in calculating longitudinal IDU estimates for metropolitan areas in the U.S. There is neither a methodological gold standard, nor an accepted reference to compare our longitudinal estimates; as such, we attempted to expand on Holmberg and Friedman and colleagues' previous work, acknowledging the imperfection of our methods and estimates. Nevertheless, tests of validity lend credence to our estimates, and suggest that our estimates will help policy makers characterize how and where IDU prevalence is changing over time. This characterization, in turn, may inform public health officials about population vulnerability to future epidemics. In addition, these estimates may be used in research into how socioeconomic conditions, public health programs, policies, and other factors affect the prevalence of IDUs in a population. comments on the manuscript and for providing data from the national AIDS surveillance and the HIV counseling and testing databases. In addition, we would also like to thank Dr. Scott Holmberg of RTI International for providing the IDU and IDU-HIV estimates, Mr. Spencer Lieb of the Florida Department of Health for his assistance in obtaining the AIDS surveillance database, Dr. Jane Maxwell for her time and feedback on the manuscript and our estimates, Mr. Bob Baxter, Dr. Carl Latkin, Dr. John Newmeyer, Dr. Shruti Mehta, and Dr. Bill Zule for their feedback on our estimates, and Mr. Michael Fanning, Dr. David Hurst, and Dr. Renee R. Stein for their assistance with the HIV counseling and testing data request.
APPENDIX A Data Series Considerations
While creating national IDU estimates for 1992-2002, we considered implementing the methods and using the data sources utilized by Holmberg and Friedman and colleagues. 15, 16 Holmberg used data that we did not include, such as data from Ryan White programs, DAWN hospital data and local estimates from ethnographers, and data from treatment providers, law enforcement agencies, and heath departments, whereas Friedman and colleagues also used the National Household Survey on Drug Abuse (NHSDA). In some instances, our approach mirrored the methods used in these prior studies of IDU prevalence. Unfortunately, it was not always possible to use the same data sets because data set availability changed over time. 15 In the creation of our longitudinal estimates of IDUs, we also found that information available in data sets changed over time, e.g., UFDS/N-SSATS data were only available: in 1993, 1995, 1996-1998, 2000, and 2002 . Injection drug use information was not collected after 1998.
In addition, we considered using the ever-and past-year needle use variables in NHSDA to create our national IDU estimates for our study period. Statisticians at SAMSHA noted the following threats to the validity of the NHDSA data: 1. Underreporting of IDU behavior from in-person interviews, and 2. lack of data on marginalized populations known to inject drugs, such as the homeless and prison populations. 15, 29 The first threat to validity is inconsistent over time as NHDSA switched to computer-assisted technology to help mitigate known reporting biases of stigmatized behaviors, such as injection drug use. In some instances, adjustments to the data may be made to account for these different sampling strategies. However, when investigating time trends we found different sampling strategies over time made the data noncomparable. [69] [70] [71] In some instances, the NHDSA proposed adjustments to offset differences caused by varied sampling methodology, incentives, interviewer experience, survey administration methods, imputation procedures, and questionnaires. However, when the proposed adjustments were made very large and inconsistent fluctuations in past-year and ever needle use still persisted. Whether the aforementioned changes in NHDSA methodology, or changing levels of stigmatization or fear of needle use disclosure on the part of those respondents who inject drugs, resulted in these irregularities, these fluctuations made time-series analysis invalid for the needle-use data. Our decision regarding trend analysis of the needle use data is consistent with the NHDSA recommendations against using longitudinal trend analysis for our study period. [69] [70] [71] In addition, the needle use variables are not core variables in the NHDSA survey, so they are less precise estimates. Therefore, we used alternative data sources in the creation of our national IDU estimates.
In our search to identify data sources for our national estimates, we also investigated alternative data sources and time series. We examined using unintentional poisonings deaths caused by heroin, cocaine, and psychostimulants from the National Center for Vital Statistics Multiple Cause of Death data sets and injection drug-related endocarditis hospitalizations in the National Center for Health Statistics' National Hospital Discharge Survey from 1992 to 2002. 72, 73 However, large increases in overdose deaths were observed over our study period. An underlying cause, other than increasing numbers of IDUs, seems to be driving increases in accidental poisoning deaths and injection-related endocarditis hospitalizations over time. Therefore, these indicators are not reflective of national injection drug use trends. The overdose data series is not indicative of trends in IDU drug use because this series includes drug users who have overdosed by other routes of administration (i.e., IDU is not coded in death data). In addition, increases in overdose deaths do not appear to be related to increasing drug injection, but rather changes in coding practice, aging drug users, polydrug mixing, increase in prescription narcotics, and drug strength and availability. 50, [74] [75] [76] [77] Similarly, national injection-related endocarditis trends seem to be inconsistent with national injection drug use patterns over time. Injection-related endocarditis trends may be a function of the increase in methamphetamine use and/or increasing injection frequency among heroin injectors. 78 
